This paper investigates the relationship between education and training provided by the firm, both on the job and off the job, using a unique dataset based on a survey of Thai employees conducted in the summer of 2001. We find a significant and negative relationship between educational attainment and on the job training and no significant relationship between education and off the job training. We also find that education and training are technical complements, especially in the case of off the job training. These findings are consistent with more educated individuals having higher marginal costs of training than less educated workers, especially where on the job training is concerned. Either the better educated have lower learning skills in jobs requiring on the job training or they have higher opportunity costs of training, or both.
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We distinguish between two types of training, on the job and off the job, and show that only the former type is significantly related to educational attainment. In particular, we find that individuals with more education are less likely to receive on the job training. Therefore, our data provide little support to the view that more education leads to more training. If anything, we find support for the contrary. We also find some evidence that education and training are technical complements, especially in the case of off the job training. In order to explain our empirical results, we need to assume that more educated individuals have higher, not lower, marginal costs of training, especially when on the job training is concerned. Either the better educated have lower learning skills in jobs requiring on the job training or they have higher opportunity costs of training, or both.
The paper is organized as follows. Section 2 introduces two economic models in which to highlight the relationship between education and training. Section 3 presents the data and Section 4 discusses the econometric specification. Empirical results are shown in Section 5 and discussed in Section 6, which also concludes.
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The purpose of this section is to introduce the concept of technical complementarity between education and training and to investigate how it relates to the co-movement, across individuals and over time, of these two variables. We use two simple models, Model A and Model B. While the first model is static, the second model is dynamic.
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Consider the following production function
where < is output and + is the stock of human capital accumulated by each (identical) employee, and let this stock be an increasing function of both education ( and training 7 ) , ( 7 ( + I [2] 5
Technical complementarity between education and training is defined by the additional condition 0 ! [3] which says that an increase in education raises the marginal productivity of training. With no depreciation, the stock of training 7 in each period of time is simply
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where W is training during the period and 1 7 is the stock at the beginning of each period.
Training is costly both to the employer and to the employee. We ignore the interesting issues associated to the allocation of these costs to the parties and define net output per head as
where ) , ( 7 ( V is the cost of training per head, that we assume to vary both with the stock of training 7
and with the level of education (. One possible reason why training costs vary with education is that the better educated have higher learning skills, which reduces the cost of training them compared with the less educated.
Conditional on previous training 1 7 , the optimal level of investment is obtained by maximizing net output. The solution is the same if the program [5] is replaced by an enforceable efficient contract between a firm and a worker, designed to maximize profits subject to a participation constraint. The first order condition associated to this problem is simply 0 ) , ( ) , ( 7 ( 7 ( I [6] where the subscript indicates the partial derivative with respect to training. Using a double subscript for the second partial derivatives, total differentiation of the first order condition yields 77 77 7( 7( This condition clarifies that technical complementarity does not necessarily imply that better educated individuals receive more training. To see why, notice first that the denominator in [7] is negative to fulfil the second order conditions. An increase in education leads to more training only if 7( 7( I V <0. If the marginal cost of training increases with education faster than the marginal product of training, better educated individuals end up with less training even in the presence of technical complementarity 1 .
0RGHO %
One problem with model A is that the relationship between training costs and education is not well specified. One could argue, as we have done above, that more education reduces (marginal) training costs. While this argument has some natural appeal, one could also argue that too much education reduces the willingness to undertake training, especially in jobs that are not well suited to the education attained.
An alternative way of thinking about how education affects marginal costs is to emphasize the opportunity costs of training. By undertaking training, an individual is giving up current production to increase future production. In equilibrium, the optimal training policy must balance the marginal costs and the marginal benefits of the additional investment. Consider a single (representative) employee and assume a working life lasting + periods. In each period, the employer and the employee efficiently choose how much time to devote to additional training W, that we normalize to lie in the (0,1) range.
Current production depends on education and previously accumulated human capital via training, and future production depends on the current training investment.
Define the present discounted value of total net output as
where h is time, the discount factor,
7 is real output per head and
is accumulated training, with as the depreciation rate of human capital.
Clearly, training investment in the final period (K +) is zero, as the cost cannot be recouped. In the previous to the last period, however, optimal investment is obtained by maximizing 
Making use of repeated substitutions in the first order conditions, it can be checked that [14] applies to all earlier periods as well.
Assuming that the real wage : is proportional to output per head 2 , we can re-write the above
The left -hand side represents the marginal cost and the right -hand side is the marginal benefit of
training. An increase in education can affect both marginal costs and marginal benefits. First, there is abundant empirical evidence that more education leads to higher wages (see Card [1999] To further illustrate, consider a two -period version of the above model. Because of the second order conditions for a maximum, the marginal benefits schedule must be downward sloping with respect to training 7 Since the current wage depends on previous training, the marginal cost schedule is flat.
Equilibrium investment is shown in Figure 1 below.
In the presence of technical complementarity, higher education shifts both the marginal costs and the marginal benefits schedule upwards, with a positive effect on wages but uncertain effects on training investment and training incidence. A key insight provided by the models in this section is that technical complementarity is not sufficient to guarantee a positive relationship between education and training.
2 This assumption holds in a Nash bargaining setup where training costs are proportional to output per head. 
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The employee survey on which our data are based covers firms belonging to four industries: food processing, auto parts, hard disk drive makers and computer components (mainly IC). The latter two industries are high tech and dominated by foreign subsidiaries. Thailand is one of the largest production locations for hard disk drives and related components, and this industry is one of the country's major exporters (see Doner and Brimble [1998] ). The former two industries use more labor intensive production technologies and include a substantial share of domestic firms.
Despite being hi-tech, HDD and IC/PC firms are also fairly labor intensive, as production gets outsourced in Thailand from abroad to take advantage of the favorable price of labor. In the HDD industry, production involves mainly head stack and head gimbals assembly, which are very labor intensive. Final HDD assembly is usually done in China.
The selection of these industries provides a reasonable coverage of Thai industry without pretending to produce a statistically representative sample. Due to financial constraints, we have restricted our attention to firms with plants located in the Greater Bangkok area. Firms in the four industries were approached and asked too cooperate to the survey. Overall, 20 firms agreed to cooperate, 5 in food processing, 5 in auto parts, 6 in personal computers and 4 in the HDD industry. The firms in the sample have more than 100 employees (more than 1000 in the HDD industry). After restricting our sample to production workers, technicians and engineers, we stratified employment in each firm by age and education and randomly sampled employees within each cell, using larger weights for smaller firms.
Each selected employee was interviewed by trained personnel hired by the Thailand Development Research Institute (7'5,), which cooperated to the project. Since the questionnaire is rather lengthy (121 questions), individual interviews lasted on average 40 minutes. The questionnaire asks detailed information about family background, education, previous job experience, job allocation, training and monthly labor income net of bonuses but gross of overtime. Some of these questions are asked not only for the reference period of the survey (year 2001) but also for the years 1998 to 2000. The timing of some of the retrospective questions is framed to generate predetermined variables. To illustrate, monthly wages were asked with reference to January of each year, and the questions on the occurrence of training referred to the full year. Therefore, training in 1999 could be considered as predetermined with respect to wages in 2000, which were measured in January 2000.
While we acknowledge that recall data are affected by different types of measurement error (see Beckett et al [2001] ), we stress that many of these questions are qualitative (requiring only a yes or no answer). We also stress that the relative short span of recall is likely to reduce the relative importance of these errors. Overall, our sample provides a snapshot of events for an important group of Thai employees. It is not, however, a statistically representative sample, both because of the selection of industries and because of the endogenous selection associated with the participation of firms to the project. These limits, induced mainly by financial constraints, need to be weighted against the advantages, which include the collection of detailed current and retrospective information on family background, education and different types of training. This information is not readily available from nationally representative labor surveys.
Compared to the entire Thai labor force, our sample is substantially more educated. Table 1 shows the distribution of employment by education and industry in the sample (columns 1 to 4) and in the total labor force. The share of employees with primary education in our sample is close to zero in three industries out of four and significantly different from zero only in the food processing industry. In
Thailand as a whole, this share is as high as 75 percent 3 . On the other hand, college graduates are 44 percent of all employees in the personal computers industry and only 9 percent in the national average. These drastic differences are accounted by the fact that we are selecting industries with more than 100 employees, where the average age of employees is close to 28 years. Moreover, the national average includes agricultural employment, where average educational attainment is very low. during their previous labor market experience (1.11 versus 0.92 jobs).
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We collect information both about on the job (2-7) and off the job (2))-7) training provided by the firm. The former includes both formal and informal training carried out on the job, and focuses mainly on the performance of daily tasks. The latter is formal training carried out off the job and organized by the firm either in or outside the premises, and either during or after standard working hours.
While OJT is provided mainly by senior workers in the same unit, team leaders and foremen (72% of the total), OFFJT is supplied mainly by instructors from professional training centres and from outside the company (86% of the total) and concerns both daily tasks, quality standards and safety regulations.
For each type of training, the survey whether the employee has had any training during the reference period (the year), a simple (0,1) dummy, and about training frequency. The latter question is framed differently depending on whether we consider OJT or OFFJT. In the former case we ask the number of training events per year. In the second case we ask the employee to rank the frequency of events in different categories (daily, once a week…). In the final coding we measure OJT frequency as a discrete variable taking the values 0 to 3, with zero for no training and three for the highest frequency.
The difference in the question about frequency can be explained with the fact that OJT includes both formal and informal events, and is therefore more difficult to grasp with precision than OFFJT, which takes place outside the work premises.
Starting with training incidence in 2001 (RMW for on the job and RII for off the job), we find that 55% of the males in the sample have undertaken some OJT in 2001, compared to 67% of the females.
Interestingly, the opposite holds for OFFJT, with 67 % of the males and 58% of the females receiving it.
When we cumulate training events over the entire period (1998) (1999) (2000) (2001) by summing up the dummies for each year 5 , however, we find that off the job training incidence over the four years (VRII) is about the 12 same for males and females. The difference still remains, however, when we consider cumulated on the job training (VRMW). 
7DEOH 0HDQV DQG VWDQGDUG GHYLDWLRQV RI WKH PDLQ YDULDEOHV E\ JHQGHU
------------------------------------------------------- # obs : 690 1047 males females -------------------------------------------------------
23) -------------------------------------------------------
Notes: wage: nominal monthly wage in baths; ten98 = tenure in 1998; exp98 = previous labor market experience in 1998; ojt = dummy equal to 1 if any OJT training occurred in year h; off= dummy equal to 1 if any OFFJT training occurred in year h; frojt = frequency of OJT in year h; froff = frequency of OFFJT in year h; promo= dummy equal to 1 if promoted in year h; sojt = sum of ojt from 1998 to year h; soff = sum of off from 1998 to year h; sfrojt = sum of frojt from 1998 to year h; sfroff = sum of froff from 1998 to year h; spromo = sum of promo from 1998 to year h; edyear = years of education; njobs= number of jobs held before current job; feduc= education of the father (1: higher than primary; 0: primary or less); meduc = education of the mother (1: higher than primary; 0: primary or less); seduc = education of the oldest sibling (from 0 to 3); sibli = number of siblings.Ã Turning to frequencies, we find similar differences by gender and type of training. Males experience more frequently off the job training (IURII) and less frequently on the job training (IURMW). A similar ranking holds for cumulated frequencies (VIURII and VIURMW respectively). The evidence based on simple averages suggests the presence both of a negative correlation between educational attainment and OJT and of a positive correlation between education and OFFJT.
With reference to family background, we have information on the father's (IHGXF) and mother's education (PHGXF), on the education of the oldest sibling (VHGXF) (next to oldest if the employee is the oldest) and on the number of siblings (VLEOL). The information on parental background is recoded to 13 generate two (0,1) dummies, with 0 referring to primary education or less and 1 referring to higher education. It turns out that male employees, who have higher educational attainment, have also a "better" family background, since both parents and the oldest sibling have higher education and the number of siblings is smaller.
Finally, we notice that males have on average substantially higher wages and a higher incidence of promotion, both in the final year of the sample (SURPR) and in the entire reference period (VSURPR). Table 3 shows the means of the same variables separately for production workers, team leaders and foremen, and for technicians and engineers. As expected, the latter group is better educated than the former and receives on average less OJT and more OFFJT. Given the type of job they are likely to be in, engineers are bound to receive more formal OFFJT than shop floor employees. 
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------------------------------------------------------- # obs : 1465 272 production tech+eng --------------------------------------------------------------------------------------------------------------------------------------------- Notes: see
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The simple models presented in Section 2 of the paper show the relationship between optimal investment in training and technical complementarity between education and training. While training in these models is a continuous flow variable, our data include both qualitative information on whether training has taken place in a given interval of time and measures of training frequency. We treat the former as an indicator of training incidence. Since the information on whether there has been any training during the reference period (a year) is organized as a (0,1) dummy variable, we use the Probit specification. On the other hand, we consider frequency information as count data, because of the large number of zeros and small values (see Greene [1993] ), and use a Poisson specification.
We pool the available data over the period 1999-2001 and estimate the following empirical training models
where is for the standard Normal and P for the Poisson distribution, ; is a vector of individual variables, which includes tenure and experience in 1998, gender (VH[), marital status (PDUU\), household size (KVL]H) the number of previous jobs held, whether the first job was in production (IMSURG), and whether the first job was quitted because of the prospect of better wages (IMTXLZ), Z is a vector including lagged training of either type and lagged promotion, and )', <', -' and ,'<' are vectors of firm, year, job and industry by year dummies. For each specification, we experiment with and without the lagged variables in vector Z.
Since training incidence and frequency depend on individual ability, which is usually not observed by the econometrician, we try to capture differences in ability with family background variables. The underlying idea is that unobserved ability can be considered "..as the consequence of the genetic and environmental contribution of the family…" (Willis [1986] , p.584). Vector Y therefore includes the father's, the mother's and the oldest sibling education, the number of siblings, whether the employee is the oldest son or daughter and three dummies for the macro-region of birth. These dummies are expected to capture differences in school quality, which also influences the development of individual ability, in the three areas outside Greater Bangkok (the omitted area).
Training incidence equations tell us whether variations across individuals in educational attainment affect the probability of training. Whether this probability increases or decreases depends, in equilibrium, on the relative shifts of the marginal benefits and marginal costs schedules. As shown in Figure 1 , the marginal benefits schedule shifts upwards if there is technical complementarity between education and training. Technical complementarity is a propriety of the production function and cannot be directly tested unless we observe individual productivity. Since this information is not available, we make the standard assumption of proportionality between productivity and wages and estimate the following Mincerian equation
where we ignore the time subscript and VRMW and VRII are the cumulated training events from the start of the reference period (1998) to the selected year 6 . Following the indications of our simple models, we use cumulated events rather than current events (RMW and RII) because wages are affected by the stock of human capital accumulated by training, not just by the most recent flow. Cumulated events can proxy accumulated human capital during the window covered by the questionnaire, but do not capture the initial stock of human capital before the start of the observation period. We capture this stock with tenure and labor market experience at the start of the sample, in 1998. While (21) is specified as a function of cumulated training events, we also experiment with cumulated training frequencies (sfrojt and sfroff).
We use lagged rather than current cumulated training to exploit the natural sequence of events in the data: wages in January 2000 are affected by training during 1998 and 1999, not by training in later years. We also add a full set of interactions, between different types of training and education, between education, tenure and experience, between training and lagged cumulated promotion and finally between on the job and off the job training. As in the training incidence equation, we pool the available It follows that a sufficient (but not necessary) condition for technical complementarity is that
in the case of OJT and 0 ln ! w w
in the case of OFFJT.
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We start the presentation of our results from training incidence. For each training type (on the job or off the job) we estimate a Probit model when the dependent variable is the event of training in each year and a Poisson model when the dependent variable is the frequency of training in each year. For each model, we estimate two specifications, one with and one without family background variables.
Consider first OJT (Tables 4 and 5 for training incidence and frequency respectively). We find that individuals with higher education have significantly lower training incidence. This finding remains even when we include lagged training and promotion among the explanatory variables. There is also evidence that individuals with higher previous labor market experience and tenure in the firm have significantly lower training incidence. If we interpret these variables as accumulated training before 1998, this suggests that individuals with a higher initial stock of human capital accumulated in the labor market need less OJT. Lagged OJT influences strongly current OJT, which points to persistence. On the other hand, having received OFFJT in the previous period reduces the likelihood of currently receiving
OJT. Finally, we find that the inclusion of family background variables affect only marginally the coefficient associated to years of education. Table 2 . Oldest: whether the employee is the oldest son or daughter; fjprod: whether first job was in production; fjquiw: whether first job was quitted because of better wage prospects; reg = region of birth dummies; firm: firm dummies; Job: job dummies; Year: year dummies; YI: year by industry dummies; sex: gender dummy (1:male); marry: marital status dummy; hsize: household size; ten98: tenure in 1998; exp98: labor market experience in 1998.
Conditional on education and experience, training is less frequent among female employees and among individuals who belong to larger households. Since household size is larger on average among female workers with poorer family background, this variable could be capturing the joint negative effect of gender and family background on training incidence. A possible interpretation of this result is that employers statistically discriminate against female employees. 
19
The uncovered negative relation between educational attainment and OJT could simply be driven by the fact that we are including different jobs in the same regression. If engineers have higher education and lower OJT than production workers, this between -jobs variation could explain our results. To check this, we run the same regressions by retaining only production workers. Results in Table 6 below 7 show that the relation between education and OJT remains negative and significant.
7DEOH 2-7 7UDLQLQJ ,QFLGHQFH 3URGXFWLRQ ZRUNHUV RQO\ 'HSHQGHQW YDULDEOH RMW
(standard errors in parentheses with p<0.05 = ~, p<0.01 = *) 
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Turning to OFFJT (Tables 7 and 8 for training incidence and frequency respectively), we find that the relationship between education and training incidence is positive but not significantly different from zero. In contrast to the results for OJT, there is evidence that the incidence of OFFJT increases with tenure at the start of the sample period. 
------------------------------------------------------# obs :
5202 4899 5202 4899 Depvar: While we find that having had OJT in the previous period improves OFFJT incidence in the current period, there is no significant evidence that female employees receive less OFFJT than their male colleagues.
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The finding that the incidence and frequency of training depends both on education and on previous training (of either type) implies that, in the long run, higher education affects each type of training both directly and indirectly, by influencing the other type as well. We have checked in our data whether the overall direction of the relationship between education and training changes in the long run compared to the short run, when previous training is given, but found no instance of such an occurrence.
E 0LQFHULDQ ZDJH UHJUHVVLRQV
Since the standard Mincerian earnings function does not include training and occupational dummies, we start by estimating a simplified version of [21] , which excludes cumulated training, interaction terms and job dummies. In line with the traditional specification, we retain tenure and experience net of tenure and investigate whether the estimated returns to education vary significantly with the inclusion of family background controls. Table 9 presents our findings for the full sample and two sub-samples, one for production workers (inclusive of team leaders and supervisors) and one for technicians and engineers.
It turns out that the inclusion of family background variables reduces the estimated returns to education by close to 9% in the full sample and in the sub -sample of production workers and by close to 5% in the sub -sample of technicians and engineers. Since the estimated returns to tenure and previous labor market experience also fall, the returns to human capital are significantly affected in the expected direction by the addition of information on parental education and region of birth. We find that the marginal returns to education in the full sample are equal to 5.3% per year, much less than 10.4%, the value reported for Thailand by Psacharopoulos [1994] . Only technicians and engineers in our sample get close to this number, with a marginal return equal to 15%.
Next, we estimate equation [21] by adding training variables, job dummies and the relevant interactions. Table 10 shows the results of four regressions. While in the former two columns we measure training as cumulated events over the relevant interval, in the latter two columns we measure it as cumulated frequencies. For each measure of training, we estimate a wage regression with and without interactions between training, education and promotion. Each specification includes both individual characteristics and family background variables.
We find that monthly earnings are higher for married males with higher tenure and previous experience who have quit their first job because of better wage prospects and who have been promoted in the interval period. Focusing on columns (1) and (3) of the table, our evidence also shows that, conditional on education, monthly earnings are positively affected by training. These effects are bigger for OFFJT when we measure it as the sum of events in the sample period and bigger for OJT when we measure it as the frequency of training events.
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(standard errors in parentheses with p<0.05 = ~, p<0.01 = *) Table 4 When we consider the interaction terms between training and education, we find that the coefficients associated to the interaction between education and training, tenure and labor market experience are positive, albeit not always significantly different from zero. We have also checked whether log wages are increasing in training and education by evaluating the partial derivatives at the sample means of the relevant variables and found that in all circumstances this regularity condition was met. Therefore, both the sufficient conditions and the overall conditions for technical complementarity hold in our data.
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0.514 0.516 0.513 0.516 =============================================================== Note: esojt=edyear*sojt; esoff=edyear*soff; edten98=edyear*ten98; edexp=edyear*exp98; trint=soff*sojt; ojtpro=sojt*promo; offpro=soff*promo; esfrojt=edyear*sfojt; esfroff= edyear*sfroff; trintf=sfrojt*sfoff; frojtpr=frojt*promo; froffpr=froff*promo. See Table   4 .
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The evidence from incidence regressions points to a negative correlation between educational attainment and OJT and to the absence of a significant correlation between attainment and OFFJT. On the other hand, the evidence from wage regressions suggests the presence of technical complementarity between education and both types of training. This evidence is somewhat stronger for OFFJT than for OJT.
'LVFXVVLRQ DQG &RQFOXVLRQV
In the second section of the paper, we have presented two simple economic models, both predicting that optimal training investment is obtained when the marginal costs and the marginal benefits of training are equal. Changes in educational attainment could affect optimal investment by affecting either marginal costs or marginal benefits or both. Model B in particular suggests that the marginal cost of training is proportional to the wage. Since individuals with more education have a higher opportunity value of time, they have also higher marginal training costs. Therefore, their marginal costs schedule lies to the left of the schedule associated to individuals with less education.
A shift from lower to higher education also affects marginal benefits, because of the complementarity between education and training. This complementarity is empirically stronger for OFFJT than for OJT. It follows that individuals with higher education have a marginal benefits schedule which lies to the right of the schedule accruing to less educated individuals. Moreover, the outward shift is quantitatively larger for OFFJT.
The overall effect of these shifts on training incidence is illustrated in Figures 2 and 3 below. In the case of OJT, the shift in the marginal costs schedule is relatively larger than the shift in the marginal benefits schedule and training incidence falls for the better educated. In the case of OFFJT, however, the relative shift of the marginal benefits schedule is bigger, so that on balance training incidence does not change in a significant way.
We can strengthen this interpretation by relying on additional factors affecting training costs. For instance, we could argue that the more educated have higher learning skills in more general and formalized OFFJT than in specific and often narrow OJT, because general education is more akin to formal off the job training. If this is the case, the outward shift in the training costs schedule for the more educated is smaller in the case of OFFJT than in the case of OJT. The important fact is that, in either cases, the marginal costs of training must be higher for the more educated. This is clearly in contrast with the literature reviewed in the introduction, which relies on the untested assumption that more education reduces marginal training costs. If anything, our data require the opposite to occur.
Our findings from wage regressions also suggest that training events increase future wages. Since average wages are related to labor productivity, we conclude that an increase in human capital, both via education and via training, positively affects labor productivity. Training affects future wages both directly and indirectly. The indirect effect occurs via promotion. We have shown that promotion records affect current wages. Not reported in the paper, a probit estimate of the probability of promotion shows 27 that this probability is significantly and positively affected by both off the job and on the job training events. Therefore, training events can affect wages and productivity by influencing the probability of promotion.
The impact of educational attainment on wage and labor productivity is also both direct and indirect. To the direct and familiar effect one should add the indirect effect via training incidence: by affecting the investment in training, education influences the additional accumulation of human capital and future wages and productivity. An important result of this paper is that the direction of the indirect effect is likely to be negative, as OJT falls for the better educated and OFFJT remains more or less unchanged.
Our results have also implications for the specific case of Thailand. First, we have found that the direct returns to education are much smaller than previously found in the literature. This of course could depend on the fact that we are using a relatively small sample of large firms in four selected industries. In this sample, the returns to one year of additional education is close to 5 percent, close to the average return found in OECD developed countries 8 .
The negative relationship between educational attainment and OJT suggests that the firms in the sample have compensated the relative scarcity of human capital represented by low education with higher investment in on the job training. This compensation might have been necessary, given the rapid growth of manufacturing in Thailand during the past twenty years, which has by far outpaced the growth of educational attainment. In a way, such a policy may have helped reducing the initial differences in accumulated human capital, which are significantly related to differences in family background.
One fourth of the companies in our sample are Japanese subsidiaries. We conclude this paper by asking whether these firms provide significantly more training that domestic and other foreign subsidiaries. We investigate empirically this issue by retrieving the estimated coefficients associated to the firm dummies and by regressing these coefficients on a -DSDQ dummy taking the value of one if the firm is a Japanese subsidiary and of zero otherwise. We use weighted least squares, with each weight defined as the inverse of the variance of the estimated coefficient. It turns out that Japan dummy is positive and significantly different from zero only in the case of OFFJT. This result runs counter the standard intuition that Japanese firms provide more intense on the job training (see Koike [1988] 
